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Abstract
Mobility prediction for individual trajectory is a challenging topic. The aim of
the study is to develop a simple but effective method to predict when the user will
leave from the current location and where he will move next. The proposed method
performs the predictions in three continuous, sequential phases. In the first phase,
the method continuously extracts grid-based stay-time statistics from the GPS coordinate stream of the location-aware mobile device of the user. In the second phase,
from the grid-based stay-time statistics, the method periodically extracts and manages regions that the user frequently visits. Finally, in the third phase, from the
stream of region-visits, the method continuously estimates the parameters of an inhomogeneous continuous-time Markov model and in a continuous fashion predicts
when the user will leave his current region and where he will move next. The temporal and spatial prediction accuracy of the method has been evaluated using a single
long trajectory from the GeoLife data set. The results show that for the optimal
method parameter settings, the method can predict the departure time on average to
be within 83 minutes of the actual departure time and can predict the next region
correctly in 51% of the cases.
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Introduction

Nowadays, our daily life is glutted with various kinds of mobile devices. However, almost
all of them have one thing in common, they almost all have a GPS module for providing
the user with positioning or navigation functions. People have a lot of interest in Location
Based Service (LBS). Some of the reasons for people’s interests are likely to be due to
the increasing accuracy of GPS, better map services and the change of people’s life style.
Many of the LBS applications are very popular among users. In general, most of the
LBS applications can be divided into three types.
• Location check-in services: These type of services can provide the user location
check-in and additional services. In this context, the location is a place where
the user goes frequently. Every time the user enters the geographical extent of a
location, he can mark the location as visited; this action is called check-in. The
service can integrate information from the user’s social networks by linking the
service to the user’s address book, Facebook or Twitter accounts. Then the user
can receive comments from other users about the current location or he can also
add comments to the current location. In some applications, the location sharing
is allowed among friends. A typical service of this kind is Foursquare. The user
can check-in and share his location with friends. The location can be a restaurant, a
store or a friend’s home and so on. After the check-in step, Foursquare can feed the
information of surrounding area to the user, the user can even publish his location
on a Social Network Service (SNS) such as Twitter or Facebook.
• Location-based games: A location-based game is one in which the state and
progression of the game is a function of the absolute or relative locations of the
player(s) and possibly other game-relevant objects. Thus, location-based games
almost always support some kind of localization technology, for example by using
satellite positioning, “Urban gaming” or “Street Games” are typically multi-player
location-based games played out on city streets and built up urban environments.
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• Location information services: This is the most important service among the
three. It can provide the user useful information about the user’s location and
the surrounding area. The information can be the traffic condition, the discount
information of nearby stores or whatever is related to the user’s current location.
Sometimes the location information service is enhanced by a map service to give
the user a sensorial experience. Google Map is a famous application of this type.
In short, LBS applications must have the ability to obtain the user’s position / location in
real time (through GPS, Wi-Fi, etc.) and provide service related to this location.
Among the above applications, one can see that the main part of the LBS is driven by
the user’s location query or sharing. The applications focus on providing the user services
that are related to the location of the user at the present time. However, sometimes people
are not satisfied with services that relate to the present location but are more interested in
services that relate to their future locations. User movement prediction (in both temporal
and spatial) is a way to cater for services that relate to the user’s future locations.
User movement prediction can be a wide topic; many aspects of the user’s future
movement can be predicted. For example, one can predict the user’s future trajectory or
predict the user’s temporal pattern of the future movements. However, in this study, the
focus is on predicting the movements of the user among regions that the user frequently
visits. Given a set of regions that are visited frequently by the user and the sequence of
time stamped visits of these regions, the region that the user is currently visiting, termed
as current region, the aim of this study is to predict two factors at the time when the user
enters the current region:
• the departure time from the current region and
• the region which is most likely to be visited next immediately after the visit of
current region.
By using this prediction, the LBS provider can be aware of the user’s future movement
in advance thus can provide service that is relevant to the future movement of the user
and it can provide this information appropriately in advance if needed. That is to say,
7

the information / service provided is only relevant in the context of a specific user and
his future movement. Information about the future movements of the user can be used
in marketing such as a location-based advertising service or in applications that require
planning or forecasting such as add-hoc social meeting or real-time route planing service.
Human activities are complex and are hard to model as the reasons for human activities are often a function of choices and preferences that individuals make as members of a
complex social system. Movement is the necessary means to perform activities. While it
is next to impossible to collect data about and model the individual reasons for activities,
with today’s mobile positioning technologies it is possible to observe the movement of
an individual, find spatial, temporal and sequential regularities in this movement and use
these regularities to build models and perform predictions about the movements and the
latent activities of an individual.
The spatial, temporal and sequential dimensions / aspects in the individual’s movement regularities are important and are at the same time inseparable. For example consider the following simple scenario. Bob visits his parents every Friday night after work.
Here the house of his parent’s is the spatial regularity. The time when Bob goes to visit
his parent, say Friday night, is the temporal regularity. The sequence ofiice→parent’s is
the sequential regularity. In most cases these different types of regularities present themselves jointly. That is to say a movement pattern / regularity in most cases not only have
a spatial components but also have a temporal component and vice versa. Similarly, a
sequential regularity as the sequence is over space-time events also have space and time
components. To detect and utilize these three types of regularities is the challenge of
the present study. Given a good prediction model / method for departure time and next
region predictions, the predictions can be used in a number of domains including LBS,
Location-based Social Networks (LBSN), etc. Consider the following scenario.
Mike usually leaves his home at 8:00 AM to go to his office. Usually he stays in his
office for 9 hours. After work he usually goes to the supermarket to buy some food which
then later he cooks at home. In this example, Mike always goes to the supermarket after
work. So the sequence home→office→supermarket→home can be the sequential reg8

ularity. However only based on this sequential regularity, the departure time prediction
still cannot be achieved. That is because another factor, time, is not taken into account.
Mike always stays in his office for 9 hours, and perhaps he usually spends 20 minutes for
shopping. The user’s temporal regularity can be projected down to different temporal domains. For example, Mike only goes to work on workdays. So in this case, the temporal
regularity can be projected down to workday-weekend domain that divides a week into
workdays and weekend. Similarly, the temporal regularity can be also projected down
to time-of-day domain, day-of-week domain. By combining the temporal regularity with
spatial and sequential regularity, one can get the user’s mobility patterns. Assume Mike
has an application which can predict his future movement in his mobile phone and he
agrees to provide this future movement information to a LBA service. So this service can
send him a message about the supermarket discount information just before the predicted
departure time if the application predicts that he will go to the supermarket after work.
The prediction method not only maximizes the return on the advertisement cost but also
avoids ads that are not relevant in the given context (the current and near future, next
location of the user) and hence are annoying to the user.
Consider another example as follows. Anders and Hanna are both the registered user
of a LBSN website called BumpBuddy. At this website they become buddies of each
other. BumpBuddy provides a mobile application that can predict the next transition (departure time and next destination) of the user. If the users agree to upload their future
movements information to the server, then BumpBuddy can check if their future movements have some approximate spatio-temporal overlap and arrange potential meetings
for them in advance.
From the above two examples one can see that movement prediction has broad
prospects in applications. For better adapting the different working environments, the
proposed method in this study is designed in a way that it is possible to run on a locationaware / enabled mobile device that has limited processing power and battery life. This
requires that the proposed method is computationally simple and efficient. The input data
of this method is the timestamped stream of raw / geographical GPS coordinates that is
9

easily generated by any mobile phone with a GPS module. To achieve the departure time
and next region prediction tasks , efficient and effective methods are developed for the
following subtasks:
• Grid-based aggregation of mobility statistics
• Pmd-regions detection
• Inhomogeneous continuous-time Markov model parameter estimation from
a stream of timestamped regions visits
• Unified prediction based on weighted ensemble of ICTM models.
The rest of the paper is organized as follows. In Section 2 and 3 provide related work
and preliminaries and definitions, respectively. Section 4 gives details of the method; in
particular, it describes the methods and the theories for the above listed subtasks. Section
5 discusses evaluations. Section 6 discusses the results. Section 7 concludes and points
to future work.

2

Related Work

In [11] the authors propose a two level scheme, which combines a local with a global
prediction model to predict the future locations and speeds of the mobile users. The
authors propose a novel human-centric pseudostochastic mobility model that rejects the
notion that all movement is ad hoc. The top level is the global mobility model (GMM),
whose resolution is determined in terms of the cells crossed by a mobile user during the
lifetime of the connection. The bottom level is the local mobility model (LMM), whose
resolution is determined in terms of a 3-tuple sample space (speed, direction, position)
that varies with time. LMM is used to model the intra-cell movements of the mobile
users. On the other hand, GMM is used to predict the inter-cell movement trajectory of
a user by matching the user’s actual path to one of the existing mobility patterns. For
this purpose pattern matching techniques are used. By using this two level hierarchical
prediction algorithm, it can predict which cells the mobile come across, but it does not
10

take the time factor into account. So it is different from this study.
In [4] the authors propose a method to predict user movements in a mobile computing
system. This algorithm is based on three steps: mining the mobility patterns of an individual user, forming association rules from these patterns, and finally predicting a mobile
user’s next movements by using these rules. In order to select the rule used for the prediction, the authors consider the notions of support and confidence. The support of each
candidate is computed by a distance based on the notion of string alignment. However,
the method in [4] is purely movement sequence prediction without any absolute temporal
annotations, thus it is different from this study.
In [6] the authors present an innovative approach which forecasts future locations of
an object in a hybrid manner. They combine predefined motion functions with the movement patterns of the object, extracted by a modified version of the Apriori algorithm. The
motion functions are linear or non-linear models that capture the object’s movements by
sophisticated mathematical formulas and are an input of the method decided by the analyst. The similarity of [6] with this study is that both of these two studies uses movement
sequence in the prediction method, but the aim of the prediction is different from this
study. In [6] it doesn’t predict the user’s departure time from a region but given a specific
time point to predict the user’s movement sequence.
In [7] the authors propose a novel method to predict the user’s future trajectory which
consists of a set of frequent regions, each of which is associated with a set of cells. The
frequent region is a minimum bounding rectangle that consists of a set of points, each
point of which contains at least M inP ts number of neighborhood points in a radius Eps.
The frequent regions that an object frequently visits by applying periodic data mining
techniques based on the data-centric approach is detected. For efficient data handling,
the authors introduce Trajectory Pattern Model (TPM) that explains the relationships
between the regions and partitioned cells using Hidden Markov Models (HMMs). An
HMM is a doubly embedded stochastic process with an underlying stochastic process
that is not observable. The partitioned cells to observable states and discovered frequent
regions to hidden states is modeled. Therefore, the TPM let applications be able to deal
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with symbols of the cells (instead of using real coordinates) for effectiveness but have
more precise discovery results than existing space-partition methods. Building a TPM
from historical trajectories can be useful for many applications. First, it computes the
probability of a given observation sequence. It implies that the TPM can explain how the
current movements of an object is similar to its common movement patterns (a sequence
of frequent regions). Second, given a cell symbol sequence, it can also compute the
most likely sequence of frequent regions. Moreover, the model can be trained by newly
added data. Hence, it can reflect not only historical movements of an object but also its
current motion trends. Unlike the presently proposed work, work in [7] models the most
possible future trajectory of the user, which has a shortcoming is that the prediction result
is without the time factor.
In [13] the authors propose the method called WhereNext which is aimed at predicting with a certain level of accuracy the next location of a moving object. The definition
of a future location prediction for a moving object is based on the previous movements of
all moving objects in a certain area without considering any information about the user.
The prediction uses previously extracted movement patterns named Trajectory Patterns,
which are a concise representation of behaviors of moving objects as sequences of regions frequently visited with a typical travel time. A decision tree, named T-pattern Tree,
is built with a formal training and test process. The tree is learned from the Trajectory
Patterns that hold a certain area and it may be used as a predictor of the next location
of a new trajectory ending the best matching path in the tree. The main idea behind the
prediction is to find the best path on the tree, namely the best T-pattern that matches the
given trajectory. Hence, for a given trajectory the method compute the best matching
score of all the admissible paths of the T-pattern Tree. The children of the best node
that produces a prediction are selected as next possible locations. However the method
in [13] has risky since if there is a T-pattern with a high frequency it will dominate the
other ones. Using some context dependent score function might mitigate this risk.
The review of the above papers reveals that although the explicit prediction of the
departure is an essential task in mobility prediction and can be utilized in many real word
12

application, the so far proposed methods are not capable of preforming- or have not been
evaluated in performing this explicit prediction task.

3

Preliminaries and Definitions

Let the time domain be denoted by T and be modeled as the totally ordered set of nonnegative natural numbers N+ . Let the trajectory of a moving object o in 2-dimensional
(2D) space be modeled and defined as a sequence of tuples S = h(l1 , t1 ), . . . , (ln , tn )i,
where li ∈ R2 (i = 1, . . . , n) describe locations, and t1 < t2 < . . . < tn ∈ T are
irregularly spaced but temporally ordered time instances, i.e., gaps are allowed.
According to the typical linear movement model the continuous movement of the
object is assumed to be linear and at constant speed between two consecutive locations
li and li+1 and corresponding time instances ti and ti+1 (1 ≤ i < n). Assuming that
the object’s position is sampled relatively frequently (ti+1 − ti < ) with respect to
the displacement |li+1 − li |, according to an equally reasonable approximation of the
continuous object movement, the punctuated / discretized movement model, the object is
assumed to be at location li during the period [ti , ti+1 ) (1 ≤ i < n).
Then, given the trajectory S = h(l1 , t1 ), . . . , (ln , tn )i of an object o, according to the
punctuated / discretized movement model the total amount of time that o is present in any
given region of space R ⊂ R2 is defined as:
tR
p =

X

(ti+1 − ti ).

1≤i<n:li ∈R

Let R = {R1 , . . . , Rk } denote a set of spatially contiguous, mutually exclusive regions of space, i.e., Ri ⊂ R2 , Ri ∩ Rj = ∅, i, j ∈ {1, . . . , k}, i 6= j, such that:
(i) the regions are prevalent - the relative total time that the object is present in regions
in R is above a user-defined minimum relative prevalence parameter, min rp, i.e.,
P
Ri R2
Ri ∈R tp /tp ≥ min rp, and
(ii) all the detected regions are maximally discriminative - the total area of the regions
in R is minimal.
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The set of regions R = {R1 , . . . , Rk } fulfilling these conditions is termed as prevalent
and maximally discriminative regions. A member of this set Ri ∈ R is called a prevalent
and maximally discriminative region, or pmt-region for short.
Given the set of regions R, the object’s continuous movement can be further approximated by the object’s region-based trajectory as a sequence of tuples S R = h(R1 , ts1 , te1 ), . . . ,
(Rm , tsm , tem )i, where Ri ∈ R (i = 1, . . . , m) describe regions, and ts1 < te1 < ts2 < te2 <
. . . < tsm < tem ∈ T are irregularly spaced but temporally ordered time instances, i.e.,
gaps are allowed1 .
Then, the temporal mobility prediction task is informally defined as upon the regionbased object’s arrival at a new region Rj predicting the time of stay at Rj . Formally:
Definition 1.Temporal Mobility Prediction: Given an object o and its region-based
trajectory history upto time instance t, denoted by H(t), a user-defined minimum staytime likelihood threshold, min stl , and a time-parameterized discrete random variable
X(t) taking on values from the set of regions R, predict the stay-time, s∗ , or equivalently
the departure time, t + s∗ , of o as:
s∗ = argmin Pr(X(t + s) = Rj |H(t)) ≤ min stl .
s≥1

Subsequently, the spatial mobility prediction task is informally defined as upon the
object’s arrival at a new region Rj predicting the next region that object will enter after
leaving Rj . Formally:
Definition 2. Spatial Mobility Prediction: Given an object o region-based trajectory
history upto time instance t, denoted by H(t), and a time-parameterized discrete random
∗
variable X(t) taking on values from the set of regions R predict the next region, Ri+1
,

that o will start moving to at the afore predicted departure time, t + s∗ , as:
R∗ = argmax Pr(X(t + s∗ ) = Rj |H(t)).
Rj ∈{R−Rj }
1

The region-based trajectory approximation introduces two types of spatial uncertainties (i.e., unknown

location within regions and during temporal gaps), but allows significant trajectory compression (m << n)
at minimal semantic knowledge loss.
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4

Method

In this study, the continuous process of providing final predictions from raw stream of
GPS positions of an object, i.e., an evolving object trajectory, is divided into a number
of phases. As shown in Figure 1, in the first phase, the raw GPS data first is onto a
grid. Then, in the second phase the dense grid cells are spatially clustered into pmdregions and their evolutions is monitored in a continuous fashion. Then, in the third
phase, the object’s movements between the detected pmd-regions is continuously tracked
and spatial and temporal information about the transition between pmd-regiosn is stored.
Finally, in the fourth phase, the stored information is used to estimate the parameters of
an Inhomogeneous Continuous-Time Markov (ICTM) model, which is then subsequently
used to perform the prediction tasks.

4.1

Grid-based aggregation of temporal movement statistics

Every geographic object has its own extent, it cannot be treated as a single point. Furthermore, as described previously GPS measurements can be rather inaccurate. Consequently, to capture conceptual region nearby GPS measurements need to be generalized
and/or grouped. The simplest and most effective way of spatial generalization is based
on a regular rectangular grid cell [2, 21], where a GPS measurement is associated and
replaced by the grid cell it falls in as Figure 2 shows.
Given a predefined origin O ∈ R2 , and side length glen, let G denote a uniform grid
and g1 , g2 , . . . are grid cells that uniformly partition the Euclidean space R2 , i.e., there
exists no two grid cells that overlap and for any location in the space there exists exactly
one grid cell that the location falls inside of. Given a planar coordinate system centered at
O and aligned with G, this unique mapping between a location l in the first quadrant of the
coordinate system and the grid cell g that can effectively achieved by assigning spatially
referenced 2-dimensional grid IDs to grid cells (as shown in Figure 2) an calculating the
15

Figure 1: Method overview

grid ID that the location l is inside of as gbl.x/glenc,bl.y/glenc . The user’s movement can
adopt the punctuated / discretized movement model, which just means that between two
measurements the user is assumed at the previous grid cell, as opposed to assuming some
movement. So the grid-based trajectory of an object is S G = h(g1 , t1 ), . . . , (gn , tn )i.
Consequently, according to the punctuated / discretized movement model the total
amount / duration of time that the object is present in any given grid cell gi is:
tgpi =

X

(ti+1 − ti ).

1≤j<n:gj =gi

For short this time is termed as the stay-time of the object in grid cell gi and is denoted
by the symbol gi .st.
Given Go = {g1 , . . . , gn } for the object o represents an exhaustive set of visited grid
cells such that given the grid-based trajectory S G = h(g1 , t1 ), . . . , (gn , tn )i of the object o
16

Figure 2: Grid based trajectory generalization

has stayed for some time/duration, i.e., has visited, visited any gi ∈ Go gi , i.e., gi .st > 0.
Thus, in this study the earth surface is divided into thousands of grid cells with the
edge length glen. The value of glen is important for exploring the extent of a region. The
proposed method for calculating glen is as follows:
1. Calculate the Triangular Irregular Network (TIN) for all the observed locations.
Because the TIN will bring in many edges with the large edge length (grey color
edges in Figure 3), many of them are inter city edges and cover over rural area. So
the excessive long edges should be filtered out and the size of each grid cell should
be limited in a reasonable range with the geographic representation of part of the
building or facility (dark grey color edges in Figure 3). These TIN edges are used
to calculate two variables for pmd-region clustering method, but the stay-times are
not directly related to the head-tail classifications of the TIN edges.
2. According to the observation of real world data set (described in Section 5), the
log-log Cumulative Distribution Function (CDF) of all the edge lengths is shown in
17

(a) TIN derived from second mean

(b) TIN derived from third mean

Figure 3: TIN maps of all the sampling points for a user. The length of black lines in (a)
are smaller than maxR = 165, they are derived from the second mean. The length of
black lines in (b) are smaller than glen = 33, they are derived from the third mean.
Figure 4. In the figure, the x represents the length of an edge in the TIN. According
to the work [1], the α -value is a constant parameter of the distribution known as
the exponent or scaling parameter. The scaling parameter typically lies in the
range 1 < α < 3. The p-value is defined to be the fractional distance between
the distribution of the empirical data and the hypothesized model. If p is large
(close to 1), then the difference between the empirical data and the model can be
attributed to statistical fluctuations alone; if it is small, the model is not a plausible
fit to the data. It must be larger than 0.05 to make sure the sample fits the power
law distribution. In the left upper part of the figure, there is a bump of the curve,
basically the bump represents that there are not enough short edges in the sample,
or better said the distribution of the edge length on the tail of the heavy tailed
distribution is not perfectly even / regular, in particular it has some gaps. This is
18

caused by the finiteness of the sample. Due to there are not as many extremely long
edges in the distribution, the fitted distribution has some fall-off at the end of the
distribution. From the above, all the edge lengths fit the power law distribution [1].
One can use the so called Mean Value Technique (MVT) to divide all the edge
lengths into head and tail parts [12]. MVT first calculates the mean length of all
the edges, uses the mean value as a boundary, the edges larger than the mean value
are classified as the head and the edges smaller than the mean value are classified
as the tail.
3. Recurs on the tail two times, then three means can be obtained that the third mean is
used to determine glen and the second mean is used to determine maxR (explained
later in Section 4.2).
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Figure 4: Fitted power law distribution of the TIN edges, α = 2.12 and p−value = 0.098

4.2

Grid-based detection of pmd-regions

Once the locations have been aggregated into the grid cells, a method about how to identify the user’s pmd-regions need to be developed. The general idea of this method is that
first sort all the input grid cells Go = {g1 , . . . , gn } in the order g1 .st > g2 .st > . . . >
gn .st. Then again use MVT to discover all the grid cells which are with relatively large
gi .st from Go , so all the grid cells measurements can be divided into head (with large
19

measurements) and tail (with small measurements) as the stay-time of grid cells are verified also to be power-law distributed from the experiment. Finally, starting from the grid
cell which has the largest gi .st to cluster the user’s pmd-regions along down to the head
until it meets a certain stopping condition. The algorithm is presented in Algorithm 1.
Algorithm 1 Pmd-Region Detection
1. INPUT: Go , maxR, minPr
2. OUTPUT: R
3. R = ∅
4. [HG, TG] = headTail(Gu )
5. SHG = sortDecreasing(HG)
6. while |SHG| > 0 do
7.

hg = top(SHG)

8.

neboHg = neighborhood(hg,SHG,maxR)

9.

r = growRegion(hg,neboHg) //grow from hg by using grid cells in neboHg

10.

R = add(r )

11.

remove(SHG, r ) //remove r from SHG

12.

if evaluate rp(R,G) > min rp then

13.
14.

break;
end if

15. end while
16. return R

In the algorithm, the method headTail() in line 4 is used to classify all the grid cells’
measurements into two parts. The principle behind this method headtail() is still use the
Mean Value Technique (MVT). From the observation of real world data set, the time of
stay in each grid shows a high consistency with the power law distribution. Thus, the
MVT can be used to find the mean value of all the measurements and all the grid cells
which have the measurements larger than this mean value can be seen as the head part
(HG) and other grid cells can be seen as the tail part (TG).
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The method neighborhood() in line 8 is used to find all the HG grid cells which are
within the radius of maxR and assign them to the set neboHg. The maxR is a preset
constant which indicates the maximum size of a neighborhood finding scope.
The method growRegion() in line 9 is used to cluster the user’s pmd-region from the
seed hg and all the grid cells to build a pmd-region should come from the set neboHg
and the grid cells used to build a pmd-region must have the spatial contiguity with hg.
For example, in Figure 5 the grid cells marked with No.1 and No.2 are the qualify grid
cells can be used to grow the pmd-region, but the final pmd-region is only consists of the
grid cells which have the color of dark grey. The reason is that the grid cell No.2 has no

Figure 5: Pmd-region, i.e., spatially contiguous cluster of head grid cells, within maxRneighborhood of and originating from head grid cell hg.

spatial contiguity with the seed hg, so it can not be the part of a pmd-region. The sum of
time the user spend in the pmd-regions is prevalent and maximally discriminative.
The method evaluate rp() in line 12 is used to be a loop control criterion. According
to the Pareto principle, roughly 80% of the effects come from 20% of the causes [14].
In the case of this study, the author assumes that the 80% of time the object spends in
the entire observation period can be aggregated in the only 20% of the grid cells and
this have been proven to be correct according to the observation of the measurement
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distribution. The calculation of evaluate rp() is described in section 3 (relative prevalence
parameter). The min rp is a user defined constant (e.g., 0.8), when the evaluate rp()
is larger than min rp the region clustering process will be terminated. The different
values of min rp can affect the result of pmd-region clustering. If assign higher values to
min rp, the regions will be less discriminative. Some of these regions will not represent
actual places of interests with respect to the movement. Larger number of regions will
make it harder to estimate accurate parameter estimates for the prediction model based
on a finite number of samples, hence predictions will likely to be more inaccurate and
also irrelevant as the regions are not points of interests w.r.t. the movement. However,
low min rp value means that only few regions will be considered. However, predictions
of the object movement can only be performed a small fraction of the time, when the
object is in one of the tracked regions. This means that utility of the prediction will
decrease. On the other hand, as the number of regions will decrease it will easier to
estimate accurate parameters for the movement model between these regions and spatial
prediction accuracy is expected to increase. In the limit, when there is only one region,
the model will always correctly predict the next regions with respect to the single tracked
region. Because as the number of tracked regions decreased for a given tracked region the
observations based on which one can perform predictions does not increase, the temporal
accuracy of the model is not expected to increase as the number of regions decreases.

4.3

Maintenance / tracking of the evolution of pmd-regions

The method presented in Section 4.2, at a given time, derives pmd-regions based on
the grid-based temporal mobility statistics (Section 4.1). However, as the object continues to move, the grid-based statistics naturally change over time and consequently
the pmd-regions also evolve over time. In particular, pmd-regions can shift in space,
grow or shrink in size, disappear (become non-pmd), reappear (become pmd again), or
emerge (become pmd for the first time). Although the method in Section 4.2 can be used
to extract pmd-regions periodically, due to this evolution, it is not guaranteed that the
same pmd-regions will be detected in two consecutive execution of the method. Thus,
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to perform the prediction tasks effectively based on relevant stay-time information about
pmd-regions and transition information between pmd-regions, it is essential to correctly
track and maintain the evolution of the pmd-regions as they are discovered periodically
by the pmd-region detection method. The proposed method for the correct tracking and
maintenance of pmd-regions is as follows:
1. Detect the current pmd-regions.
2. Spatially intersect the pmd-regions that have been discovered at any time in the
past with the currently detected pmd-regions.
3. For each current pmd-region that intersects with a previously detected pmd-region
assign the same ID to the newly detected pmd-region as the ID of the intersecting
previously detected pmd-region. Update the spatial information associated with the
pmd-region ID with the spatial information of the currently detected pmd-region.
4. For any remaining currently detected pmd-region that does not intersect with any
previous pmd-region, assign a new unique pmd-region ID that is one higher than
the currently highest pmd-region ID.
To facilitate this tracking / maintenance of pmd-regions, pmd-region IDs and spatial
information of pmd-regions in terms of constituent grid cells are stored in a relational
format in the table reg:

4.4

<reg ID, grid ID>2 .

Conversion from grid-based to region-based trajectory

In order to predict the departure time from / length of stay at pmd-regions and the transitions between them, relevant stay-time information about pmd-regions and transition
information between pmd-regions needs to be gathered. To achieve this the grid-based
trajectory S G = h(g1 , t1 ), . . . , (gn , tn )i needs to be transformed into a region-based trajectory S R = h(R1 , ta1 , td1 ), . . . , (Rm , tam , tdm )i, i.e., for each pmd-region Ri that the object
2

Spatial information about pmd-regions can also be stored as a spatial feature (polygon) in a spatial

database, but due to the limited number of regions and the overhead that is associated with converting
between grid cells and polygons, such a representation is not justified.
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enters and later on leaves a arrival time, tam and a departure time , tdm needs to captured
and stored. As signal failure can cause a decreasing in positioning accuracy, during an
actual visit to a pmd-region, the object’s position may inaccurately indicate the presence
of the object in a cell outside of the pmd-region for a brief period. Such interruptions
of visits must be filtered out to accurately capture the arrival time and departure time for
each pmd-region visit. To do this, based on the grid-based trajectory the events of valid
arrival and valid departure are defined as follows:
Definition 3. Valid Arrival: Given an object o’s grid-based trajectory S G = h(g1 , t1 ),
. . . , (gn , tn )i, a set of pmd-regions R = {R1 , . . . , Rk }, and an minimum stay-time threshold min t st , o is defined to arrive at a pmd-region Rj ∈ R at time instance ti if for a
consecutive subsequence SvG = h(gi−1 , ti−1 ), (gi , ti ), . . . , (gi+m , ti+m )i v S G it is true
that for all grid cells gl (gl , tl ) ∈ SvG , i ≤ l ≤ i + m the grid cell gl ⊆ Rj , gi−1 6⊂ Rj ,
P
i≤l<i+m (tl+1 − tl ) ≥ min t st .
Definition 4. Valid Departure: Given an object o’s grid-based trajectory S G =
h(g1 , t1 ), . . . , (gn , tn )i, a set of pmd-regions R = {R1 , . . . , Rk }, and an maximum interruption time threshold max t int , o is defined to depart from a pmd-region Rj ∈ R at time
instance ti if for a consecutive subsequence SvG

=

h(gi−1 , ti−1 ), (gi , ti ),

. . . , (gi+m , ti+m )i v S G it is true that for all grid cells gl (gl , tl ) ∈ SvG , i ≤ l ≤ i + m the
P
grid cell gl 6⊂ Rj , gi−1 ⊆ Rj , i≤l<i+m (tl+1 − tl ) ≥ max t int .
Given the two definitions, with the help of some temporary variables, arrival and
departure times are easily identified from the grid-based trajectory stream in a continuous
fashion. This information and the transitions between two consecutive regions in the sotransformed region-based trajectory stream are stored in the table reg vis trans.

4.5

Prediction method

Given the extracted pmd-regions and the object’s visit and transition sequence between
these regions, the proposed methods for predicting the departure time and the next region
is facilitated by modeling the pmd-region visit and transition sequence as an Inhomogeneous Continuous-Time Markov (ICTM) chain/process. The following subsections
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present 1) relevant basic statistical theory related to the ICTM model, 2) arguments for
the appropriateness of the ICTM model for the prediction task, 3) a method and an implementation to estimate ICTM model parameters and perform predictions in a continuous
fashion, and 4) a method for combining estimates from several models.
4.5.1

ICTM model related statistical theory

The following subsections describe basic statistical theory that is relevant for the proposed ICTM modelling and prediction. First, the concept of a discrete-time Markov
chain and its properties are described. Then, the exponential distribution and its properties are described. Finally, the concept of a continuous-time analogue of the discrete-time
Markov chain, i.e., the continuous-time Markov chain, and its properties are described.
Discrete-time Markov chain
As it is described in Chapter 4 of [15], a discrete-time, finite state stochastic process
{Xn : n = 0, 1, 2, . . .} takes on a finite number of possible values. Assume the set of
possible values is the set of nonnegative integers {0, 1, 2, . . .}. If Xn = i, then the process
is said to be in state i at time instance n. Suppose that whenever the state is i, there is a
fixed probability Pij ≥ 0 that the next state will be j. That is, suppose that:
Pr(Xn+1 = j|Xn = i, Xn−1 = in−1 , . . . , X1 = i1 , X0 = i0 ) = Pij

(1)

for all states i0 , i1 , . . . , in−1 , i, j and all n ≥ 0. Such a stochastic process is known as a
discrete-time Markov chain. An interpretation of the above equation is that the distribution of any future state Xn+1 is conditionally independent of the past states X0 , X1 , . . . ,
Xn−1 given the current state Xn . That is:
Pr(Xn+1 = j|Xn = i, Xn−1 = in−1 , . . . , X1 = i1 , X0 = i0 )
= Pr(Xn+1 = j|Xn = i) = Pij

(2)

This conditional independence is refered to as the Markovian property or memorylessness. A Markov chain has memory m or order m if the future state depends on the
past m states only. A discrete-time Markov chain with memory m = 1, or a first order
discrete-time Markov chain is also refered to a simple Markov chain.
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Exponential distribution
As it is described in Chapter 5 of [15], a continuous random variable X is said to
have an exponential distribution with parameter λ > 0 if its probability density function
(PDF) is given by:

 λe−λx ,
f (x) =
 0,

if x ≥ 0
otherwise

or, equivalently, its cumulative distribution function (CDF) is given by:

Z x
 1 − e−λx , if x ≥ 0
f (y)dy =
F (x) = Pr(X ≤ x) =
 0,
−∞
otherwise
The following are the relevant properties of the exponential distribution (proofs can
be found on pages 236-239 in [15]):
1. The expectation or mean of an exponentially distributed random variable X is 1/λ.
2. The exponentially distributed random variable X is said to be without memory, or
memoryless because for all t, s ≥ 0:
Pr(X > t + s|X > t) = Pr(X > s)

(3)

3. The exponential distribution is the only distribution that posesses the memoryless
property.
Continious-time Markov chain
As it is described in Chapter 6 of [15], the continuous time analogue of a discrete time
Markov chain is a continuous-time Markov chain. Namely, a continuous-time stochastic
process {X(t) : t ≥ 0} takes on values from set of possible values, which in general is
referred to the state space. Consider the state space to be the set of nonnegative integers.
The process {X(t) : t ≥ 0} is a continuous-time Markov chain if for all s, t ≥ 0 and
nonnegative integers i, j, x(u), 0 ≤ u < t
Pr(X(t + s) = j|X(t) = i, X(u) = x(u), 0 ≤ u < t)
= Pr(X(t + s) = j|X(t) = i)
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(4)

That is, a continuous-time Markov process is a stochastic process that has the Markovian
property, i.e., the distribution of the future state X(t + s) is conditionally independent of
the past states X(u), 0 ≤ u < t given the current state X(t). If the conditional probability Pr(X(t + s) = j|X(t) = i) is independent of t, then the continuous-time Markov
chain is said to have stationary / homogeneous transition probabilities or chain/process is
said to be stationary / homogeneous; inversely, if the conditional probability depends on
t, then the continuous-time Markov chain is said to have non-stationary / inhomogeneous
transition probabilities or chain / process is said to be non-stationary / inhomogeneous.
For short, the latter type of chain/process is referred to as ICTM chain / process. Analogous to the discrete-time case, a continuous-time Markov chain has memory m or order
m if the future state depends on the past m unique consecutive states only. A continuoustime Markov chain with memory m = 1, or a first order continuous-time Markov chain
is also referred to a simple continuous-time Markov chain.
Let Ti , referred to as the holding time, denote the amount of time that a continuoustime Markov process stays in state i before making a transition to some other state. Due
to the Markovian property, assuming the process has entered state i at some time, say,
time 0, the probability that the process will remain in state i for at least s more time units
given that the process has already been in state i up to the current time t > 0 is just the
unconditional probability that the process will remain in the state i for at least s time
units, i.e.:
Pr(Ti > t + s|Ti > t) = Pr(Ti > s)

(5)

for all s, t ≥ 0. Hence, Ti must be memoryless and must thus be exponentially distributed. This gives rise to an alternative definition of a continuous-time Markov chain,
i.e., a stochastic process is a continuous-time Markov chain if and only if the holding
times in each state are exponentially distributed with some mean.
4.5.2

Arguments for the appropriateness of the ICTM model

The proposed prediction model models the pmd-region visit- and transition sequence as
an Inhomogeneous Continuous-Time Markov (ICTM) chain/process. In particular, the
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Figure 6: Observed, sampled and theoretical cumulative distribution functions (CDFs) of
the stay-time in the top three pmd-regions R1 (a), R2 (b) and R3 (c). Averaged sampled
values are based on 100 experiments. Observed and sampled CDFs are calculated via
the Kaplan-Meier estimate [9]. Upper and lower confidence bounds (UCB, LCB) are
calculated at α = 0.05 for 95% confidence levels using Greenwood’s formula [5].
state space of the process is the set of pmd-regions. For this modeling approach to be
appropriate, according to the alternative definition of a continuous-time Markov chain,
the holding times, also referred to as stay-times, in each state (pmd-region) have to be
exponentially distributed. Figure 6 verifies the correctness of this assumption that is
made by the modeling approach. Figure 6 compares the observed cumulative distribution functions (CDFs) of stay-times in the top three pmd-regions of an object to 1) the
CDFs of (theoretical) exponentially distributions that have the same mean values as the
respective observations and 2) the average CDFs of k = 100 sets of samples that are
randomly drawn from the respective theoretical distributions and have the same size as
the respective observations. Observed and sampled CDFs are calculated via the KaplanMeier estimate [9]. Upper and lower confidence bounds (UCB, LCB) are calculated at
α = 0.05 for 95% confidence levels using Greenwood’s formula [5]. As Figure 6 shows
for all of the pmd-regions the observed CDFs for most of the stay-time values fall between the 95% confidence interval of the averaged sampled distribution, which is what
one would expect in 95% of the cases for samples drawn from the respective theoretical
distributions. Therefore, the proposed modeling approach is appropriate.
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Observing that the stay-times in- and transitions between pmd-regions are
time-dependent the proposed method models pmd-region visit- and transition sequence
as an inhomogeneous continuous-time Markov chain/process, that is the transitions probabilities Pr(X(t + s) = j|X(t) = i) depend on t. An approach to estimate the inhomogeneous transition probabilities is present in Section 4.5.3. Furthermore, because
human activity and hence movement is governed by periodic natural events (changes of
days, changes of seasons, etc) and because time is thus referenced using a multi-level
periodic reference system (60 minutes in an hour, 24 hours in a day, etc.), the timedependency of transition probabilities are likely to be periodic as well. An approach to
estimate the periodic inhomogeneous transition probabilities is present in Section 4.5.3.
Finally, last but not least sequential regularities in stay-times and/or transitions between
pmd-regions are likely to exist and are likely to influence the transition probabilities between the states. For example, assuming some usual meaning that can be associated with
semantic locations home, daycare and work, the subsequence daycare→work→daycare
may be frequently observed in the pmd-region visit- and transition sequence, while the
subsequence home→work→daycare might not be observed as frequently. Thus, the conditional probability that the next state will be daycare given that the previous state has
been daycare and the current state is work is higher than the same probability given that
the previous state is home and the current state is work. Such sequential-dependency of
transition probabilities can be naturally captured by higher order Markov models.
4.5.3

Prediction using the ICTM model

Combining the theories presented in Section 4.5.1, the object’s visits to- and transitions
between pmd-regions is modeled by a continuous time Markov process {X(t), t ≥ 0}
as follows. Let the state space S of the process be the incrementally labeled set of pmdregions R. Similar to the Pij transition probabilities for the discrete-time analogue, the
transition rate qij from state i, i ∈ S to state j, j ∈ S, j 6= i is defined as the number of
times the process transitions from state i to j during the unit time interval. For each state
i associate for each other state j a random alarm clock aij that has an alarm time that
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is exponentially distributed with rate parameter qij . Assume that as soon as the process
enters a state i the set of alarm clocks that are associated with state i, i.e., {aij , j ∈ S, j 6=
i}, are activated. The process remains in state i until one of the alarm clocks goes off,
at which time the process transitions to the state that is associated with the first alarm
clock then went off. It can be shown that the time until first alarm clock goes off in
state i, i.e., the holding time in state i, is exponentially distributed with rate parameter
P
vi = j∈S,j6=i qij , where qij = 0 if the process cannot enter state j from state i. When
the process leaves state i it transitions to state j with probability pij = qij /vi , where pij is
the transition probability of the embedded discrete-time Markov chain from state i to j.
It can be shown that the described stochastic process is a continuous-time Markov chain.
Consequently, according to the properties of the exponential distribution, given that
at the current time t the process is in state i, i.e., X(t) = i the probability that the process
will transition to state j sometime during the interval (t, t + s], i.e., the probability that
process will leave state i and will transitions to some other state j 6= i during the next s
time units is given by:
Pr(X(t + s) = j|X(t) = i) = 1 − e−vi s .

(6)

Independently of when the process makes the transition from state i, the probability that
the process will transition from state i to state j, i.e., the transitions probability of the
embedded discrete-time Markov chain, is pij = qij /vi .
Given user-defined minimum stay-time likelihood threshold min stl , given that the
object in pmd-region Ri ∈ R at time t the object’s departure time (t+s) from pmd-region
Ri to some other pmd-region Rj ∈ R, Rj 6= Ri is predicted by solving the following
equation for s:
Pr(X(t + s) = Rj |X(t) = Ri ) = 1 − e−vi s ≤ min stl

(7)

Independently of the predicted departure time, given that the object is in pmd-region
Ri ∈ R at time t, the next pmd-region is predicted to be the pmd-region R∗ that has the
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maximum transition probability from pmd-region Ri , i.e:
R∗ = argmax pij

(8)

Rj ∈{R−Ri }

Provided the information stored in the reg vis trans table, given that the current
pmd-region of the object is R c transition rates to all other states are calculated by the
following SQL query:
SELECT r.nxt_reg AS R_j, sum(*)/t.durr AS q_cj
FROM reg_vis_trans AS r,
(SELECT sum(dep_time-arr_time) AS durr
WHERE reg_id = R_c) AS t
WHERE r.reg_id = R_c;
As the object moves between the pmd-regions the entries in the table reg vis trans
increase. Consequently, the evidence for the calculation of transition rates increases and
changes. However, as the change is likely to degrease over time, the departure time and
next pmd-region predictions from any given pmd-region are likely to become deterministic over time. This is because according to the above presented transition rate estimations,
the modeled continuous-time Markov process is assumed to have homogeneous transition rates. As it is argued in Section 4.5.2, this assumption clearly does not hold in the
case of the modeled pmd-region visit- and transition sequence. However, given the additional information that the object has arrived at the current pmd-region R c at time t a on
date d a and that the previous pmd-regions visited by the object was R p the temporal-,
periodic- and sequential inhomogeneity of the transitions rates can be modeled by generally imposing additional sequential (spatial) and temporal constraints on the SQL query
used in the estimations as follows:
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Query estimating temporally inhomogeneous transition rates
SELECT r.nxt_reg AS R_j, sum(*)/t.durr AS q_cj
FROM reg_vis_trans AS r,
(SELECT sum(dep_time-arr_time) AS durr
WHERE reg_id = R_c) AS t
WHERE r.reg_id = R_c
AND t_a BETWEEN r.arr_time AND r.dep_time;
Query estimating periodically inhomogeneous transition rates
SELECT r.nxt_reg AS R_j, sum(*)/t.durr AS q_cj
FROM reg_vis_trans AS r,
(SELECT sum(dep_time-arr_time) AS durr
WHERE reg_id = R_c) AS t
WHERE r.reg_id = R_c
AND dow(d_a) = r.day_of_week;
The presented query is based on the day-of-week projection of the time domain. It
captures the periodic inhomogeneity of transition rates with a maximum period of one
week and a granularity of one day. Other temporal domain projections, e.g., week-ofmonth, month-of-year, weekday-weekend, etc., capturing different periodic behaviors
can be constructed in a similar fashion.
Query estimating sequentially inhomogeneous transition rates
SELECT r.nxt_reg AS R_j, sum(*)/t.durr AS q_cj
FROM reg_vis_trans AS r,
(SELECT sum(dep_time-arr_time) AS durr
WHERE reg_id = R_c) AS t
WHERE r.reg_id = R_c
AND r.prv_reg = R_p;
Naturally, similar queries can be constructed that capture not only one aspect (temporal, periodic, sequential), but a combination of aspects of the inhomogeneity if the
transition rates.
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4.5.4

Weighted ensemble of ICTM models

It is clear that each of the queries presented in Section 4.5.3 constructs an evidence set E
for the calculation of transition rates. Based on a single evidence set E, one can construct
an ICTM model M and perform departure time and next pmd-region predictions as it is
described in Section 4.5.3.
It is likely that different, mutually-dependent aspects of inhomogeneity of the process
have difference importance in the overall behavior of the process. Hence, the proposed
method combines the predictions of a weighted ensemble of ICTM models M1 , . . . , Md
as follows. For brevity, let PrM (j(s)|i) denote the probability according to model M
that the process will transition from the current state i to the next state j within the next
s time units. Similarly, let PrM (j|i) denote the probability according to model M that
the process will transition from the current state i to the next state j. Then, the departure
time prediction based on an ensemble of models M1 , . . . , Md that are associated with
weights w1 , . . . , wd is performed by solving the following equation for s:
Pd
k=1 wk ∗ PrMk (j(s)|i)
≤ min stl
Pd
w
k
k=1

(9)

Solution for Equation 9 is obtained by performing a binary search in the possible range
of s, i.e., [mindk=1 (s∗Mk ), maxdk=1 (s∗Mk )], where s∗Mk represents the solution to Equation 7
by model Mk , and testing for the equality condition.
Similarly, the next state prediction based on an ensemble of models M1 , . . . , Md that
are associated with weights w1 , . . . , wd is performed by evaluating the equation:
Pd
wk ∗ PrMk (j|i)
∗
j = argmax k=1 Pd
j∈{S−i}
k=1 wk

5

(10)

Empirical Evaluation

The experiments in this section are designed to evaluate the accuracy of the proposed
method on a real world trajectory data set. To realize the evaluations the proposed method
has been implemented in Java, and the experiments have been conducted on a PC with
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Intel core i7 2630QM processor with 8 GB of main memory running a 64-bit Windows 7
OS. One run of pmd-region detection consumes average 2.4 seconds for all the selected
users and one prediction consumes average 0.7 second to get the results.
In addition to the desktop application, a prototype Android mobile application has
also been implemented. The test smart phone is HTC G7 with 1 GHz CPU, 512M memory and Android 2.3.7 OS. The prototype mobile application can in an online fashion
collect and project GPS coordinates onto the grid using 14% of the CPU and consuming 0.003 second per sampling point when the average sampling frequency is 4.7 seconds. After running this application 1 hour 15 minutes, the total battery consumption
is 214431µAh, so the transient battery consumption is 47µAh/sec. This is really low
battery consumption, with one 1300mAh battery can enable this application to run 7.68
hours. Since the overall resource consumption is dominated by the location sampling
and grid-projection, the prototype application is likely to be able to run up to 10-12 times
longer than 7.68 hours if the sampling frequency is set to one minute, which arguably
will not significantly affect the predictive performance of the application. All the data is
from the system battery property and 360 Smart Phone Safe Guard by Qihoo [22].

5.1

Real world data set

The trajectory data set used for the experiments and evaluation is the GeoLife [20]. This
is a GPS trajectory data set collected in GeoLife project by Microsoft Research Asia. It
contains the GPS trajectories of 165 users sampled between the period April 2007 and
August 2009. A GPS trajectory in the data set is represented by a sequence of timestamped points, each of which contains the information of latitude, height, speed and
heading direction, etc. These trajectories were recorded by different GPS loggers or
GPS-phones using a variety of sampling rates. 95% of the trajectories are sampled frequently, i.e., every 2-5 seconds. This sampling rate under normal movement assumptions
(5-100 km / hours) translates to an average distance of 4-27 meters between two consecutive samples. The data set records a broad range of users’ outdoor movements, including
not only life routines like go home and go to work but also some entertainment and sports
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activities, such as shopping, dining, hiking, and cycling. From the data set of GeoLife,
five of the users are selected to conduct the experiments. The selected users have sufficient quantity of sampling points and also a sufficiently long period of observation days.
Most of the activities occurred in Beijing. However, a small part of the activities occurred
in some western and northern provinces of China.
User

User 1

User 2

User 3

User 4

User 5

Sampling points

640000

470000

290000 410000

630000

Observation days

61

41

22

29
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Table 1: Number of sampling points and observation days of each selected user
According to the calculation results of the data from the selected users, the neighborhood size / radius, maxR, is set to 165 meters. The thresholds min tst and max tint
for pmd-region arrival and departure validation, respectively, are both set to 30 seconds.
Given these settings the frequent regions detection method, presented in Section 4.1. The
detected pmd-regions are shown in Figure 7 with the user for a minimum relative prevalence parameter min rp = 0.8. The grid cell size glen are set to 30, 60 and 90 meters in
the experiments, respectively, but the number of the pmd-regions for a given user did not
vary with the glen value.
User

User 1 User 2 User 3 User 4 User 5

pmd-region

10.3

6.6

4

7.6

9.6

Table 2: The average quantity of the detected pmd-regions for each user

5.2

Evaluation criteria

Given an object’s observed region-based trajectory, S R = h(R1 , ta1 , td1 ), . . . , (Rm , tam , tdm )i,
d∗
∗
a∗ d∗
and the region-based trajectory S R∗ = h(R1∗ , ta∗
1 , t1 ), . . . , (Rm , tm , tm )i that is predicted

by a model M3 , there are five evaluation criteria are defined as follows:
3

Note that since according to the prediction tasks one prediction is performed for each observed region

visit there is a one-to-one correspondence between the elements of the two sequences S R and S R∗ .
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Figure 7: Detected pmd-regions of the five users, glen = 30

• Absolute Temporal Prediction Error (ATPE) is equal to

P

1≤i≤m

d
f (td∗
i − ti )/m,

where f (x) = abs(x).
td∗ −td

P

• Relative Temporal Prediction Error (RTPE) is equal to

1≤i≤m

f ( tid −tai )/m,
i

i

where f (x) = abs(x).
• Overall Spatial Prediction Accuracy (OSPA) is equal to

P

1≤i≤m

I(Ri∗ = Ri )/m,

where I() is the Boolean indicator function that returns 1 if its argument evaluates
to TRUE and returns 0 otherwise.
• True
P

Spatial

1≤i≤m:I(Ri∗ =Ri )

Prediction

Confidence

(TSPC)

is

equal

to

P rM (X(tai ) = Ri |H(tai ))/m, where I() is the Boolean indicator

function that returns 1 if its argument evaluate to TRUE and returns 0 otherwise,
and PrM (e) is likelihood of the event e that is returned by the model M.
• False
P

Spatial

1≤i≤m:I(Ri∗ 6=Ri )

Prediction

Confusion

(FSPC)

is

equal

to

P rM (X(tai ) = Ri |H(tai ))/m, where I() is the Boolean indicator

function that returns 1 if its argument evaluate to TRUE and returns 0 otherwise,
and P rM (e) is likelihood of the event e that is returned by the model M.
36

5.3

Evaluation of temporal prediction

The variables wtod , wdow and www are weights for ICTM prediction models that are based
on time-of-day, day-of-week, workday-weekend temporal domains, respectively. The
four cases tod, dow, ww and mix mean the time-of-day, day-of-week, workday-weekend
and mix cases.
The ATPE indicates the average time difference of predicted departure time and the
true departure time. If ATPE = 0, it means the predicted departure time and the true
departure time are exactly the same. The value of this measure is the lower the better.
The RTPE is the average difference of predicted departure time and the true departure
time compared to the true stay-time in a pmd-region, lower value of this measure is
better which means the predicted departure time is more useful. For example, if the
user’s true stay-time in a pmd-region is 1 hour, but the deference of the true departure
time and the predicted one is 4 hours, this kind of result is useless. A good departure
time prediction result must have both the low ATPE and RTPE values. From the results
of the ATPE and RTPE shown in Figure 8 and Figure 9, one can find that regardless of
the weight combinations, when the min stl is around 0.6, both of the ATPE and RTPE
are minimum. The differences between each weight combination are small. The errors
are maximum when min stl reaches 0.9. So from the evaluation, the ATPE achieves its
minimum value of 83 when min stl = 0.6, glen = 90 in case 3. The RTPE achieves
its minimum value of 0.65 when min stl = 0.6, glen = 60 in case 3. The results show
that both of the ATPE and RTPE are the minimum when the min stl is around 0.6, this
accordance justifies the robustness of the grid-based approach.
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Figure 8: Absolute Temporal Prediction Errors (ATPE) for the increasing min stl for
different weight combination cases: tod, dow, ww and mix. tod-case: wtod = 1, wdow =
0, www = 0; dow-case: wtod = 0, wdow = 1, www = 0; ww-case: wtod = 0, wdow =
0, www = 1; mix-case: wtod = 1/3, wdow = 1/3, www = 1/3;
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Figure 9: Relative Temporal Prediction Errors (RTPE) for the increasing min stl for
different weight combination cases: tod, dow, ww and mix.

5.4

Evaluation of spatial prediction

The OSPA is the average percentage of the accuracy rate of the next pmd-region prediction, the value of it is between 0 to 1. The TSPC is about confidence, i.e., when the
inherently probabilistic method/model makes a correct prediction how confident it is in
the prediction, i.e., how high is the predicted probability of the correctly predicted region.
However, TSPC is possible in the case when the method does not predict any of the next
regions correctly. So if TSPC = 1 means the best case. TSPC = 0 when the model never
predicts the correct next pmd-region. TSPC = 1/(M − 1), where M is the number of
pmd-regions of the user, represents a very non-confident random guesser model. Thus,
in summary a high TSPC is preferred. FSPC in a sense is the opposite or dual of the
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TSPC. It measures how confused the model is when it makes false predictions. FCPC =
1 represents a very confused model as it is always 100% sure in its incorrect predictions.
One would not trust such a model in general if one would value false predictions highly.
In a sense such a model is not only wrong in its prediction, but gives the user a wrong
sense of confidence. FSPC = 0 if the model does not make any false predictions. A
random guesser model would have a FSPC of 1/(M − 1). Thus, a low FSPC is preferred.
From the result shown in Figure 10-12, the largest OSPA is 0.51 in case 3 when
glen = 90 and the lowest accuracy is 0.2 in case 2 when glen = 60. The dash lines
in the figures are the guesser model constant φ which is calculated by the equation φ =
1/(m − 1), where m is the average number of pmd-regions. It is an indicator to see how
far the proposed model is from a random guesser model. According to the calculation,
in this case of study φ = 0.15. If the value of OSPA is much smaller than φ, it means
the prediction results are more untrustworthy. If the value of QSPA is much larger than
φ, that means the prediction results are more reliable. For the FSPC, if the value of
FSPC is much smaller than φ, it represents the miss-prediction is more likely due to the
user’s irregular movements. In Figure 11 and Figure 12 there are the results of the TSPC
and FSPC. The ww-case seems to be increasing with glen and the mix-case is more like
decreasing with glen. The trends of the variation is not very distinct, it is more like a
random variation.
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Figure 10: Overall Spatial Prediction Accuracy (OSPA) in different weight combination
case tod, dow, ww and mix.
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Figure 11: True Spatial Prediction Confidence (TSPC) in different weight combination
case tod, dow, ww and mix.
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Figure 12: False Spatial Prediction Confusion (FSPC) in different weight combination
case tod, dow, ww and mix.
The FSPC is in between 0.1 and 0.25. From the results, they show the size of the grid
can affect the results slightly. This is because that after the change of the grid cell size,
the quantity and extent of each detected pmd-region can be slightly different, in turn it
will affect the statistic of each pmd-region, thus the final results for each grid cell size are
different. This also shows that the variations are probably rather random and there are
no real underlying trends, also the model is rather sensitive, finally that probably these
variations in extent affect temporal accuracy results more.
From all the above results, the trends of the variations are not very distinct and the
difference between different glen is small, it may be caused by random factor. The best
case for OSPA, TSPC and FSPC are in cases glen = 90, glen = 30 and glen = 60.
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6

Discussion

From the results, the best accuracy of the next pmd-region prediction is 0.51 and the
best accuracy of the departure time prediction is 83 minutes. The low accuracy of the
departure time prediction may be caused by the irregular entering and leaving of the
user’s detected pmd-regions.
For the pmd-region prediction, the more regular the user behave, the more accurate
the model can predict. The user’s movement behavior is not decided only by the user but
also can be the influence of other people or family members. For example, if the husband
usually goes to supermarket to buy food after work, but one day his wife has time and she
buys food for the family, then the husband’s conventional movement behavior is changed
by her wife’s action. So the user’s behavior can never be perfectly regular.
Another thing that can affect the prediction results is the accuracy of the pmd-region
detection. The pmd-region is the basic of the prediction, one pmd-region is a location
where the user goes there frequently and it is an important place for the user. It can be
the living place, office or any of his favorite places. In this study, the main criterion for a
pmd-region is the total time of stay in the relative grid cells. In the reality, the quantity of
visit can also be one criterion for the pmd-region detection, otherwise the place where the
user is waiting in traffic jam can probably be considered as a pmd-region. It can particular
affect the case that most of the stay-time in pmd-regions are small. For example, if the
user goes to a place A once a week regularly and every time he spends two hours there,
the observation period is one month. Then according to this frequency, the whole staytime of A is 8 hours. But one day he leaves his phone at a friend’s home and this is the
first time he goes there and the next day he picks up his phone from his friend. From this
scenario, the place A is more reasonable to be identified as a pmd-region, because the
user goes there periodically and stays there for a long time. On the contrary, the friend’s
home should not be identified as a pmd-region, the user only be there once and maybe
he will never be there again in the future. However, if the number of visits is ignored by
the method, then the friend’s home can also possible to be considered as a pmd-region
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because it has a long stay-time (maybe 12 hours). This is not the true situation. Perhaps
the continuous observation can fix this problem, but the possibility of miss recognizing
pmd-region still exists.
The three ICTM submodels use the time-of-day, day-of-week and workday-weekend
temporal domains to predict the departure time. But for some users the behavioral differences may not be the largest between weekday and weekends, for some people it can
be even and odd weeks, or could be seasonal. For example, for the people in some kinds
of shift work such as bus driver or salesclerk, they may work for a specific number of
days and then have their holidays. So only the three proposed submodels may be not
sufficient for all the users. There can be a user adjustable submodel which can fine tune
the weights and other parameters of the method in an on-line fashion for a given that best
fits the mobility patterns of the individual.
The data that was used for the experiments can also affect the final prediction results. The GeoLife data is collected when the user has outside movement but when the
user enters a building, the device will lose the GPS signal and turn off automatically and
when the user leaves the building, sometimes the user forgets to turn the device on again.
According the observation of the data, this phenomenon happens sometimes and it will
affect the accuracy of the mobility pattern extraction in turn it will affect the final prediction results. For overcome this problem, it is better to have a device which has the
Wi-Fi module, after the GPS signal is unavailable by using the Wi-Fi connection it can
still locate the user.

7

Conclusions and Future Work

The thesis proposed an online statistical method and an end-to-end mobile solution for
the mobility prediction of an individual mobile user. The proposed pmd-region detection
method clusters frequent grids cells , which are derived via grid based generalization of
the raw GPS coordinate stream, into spatially contiguous pmd-regions. Based on the
detected pmd-regions and the visiting times and transitions between these regions, the
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proposed method can effectively estimate the parameters of a single or an ensemble of
ICTM models and perform departure time and next region predictions with moderate
accuracy. In particular, for the optimal method parameter settings, the best average time
accuracy of departure time prediction can be 83 minutes and the best average accuracy of
next region prediction can be 51%. The proposed method is simple and effective and can
be run on the low performance devices and has the ability to process the new collected
data incrementally.
However, the prediction results can be improved in the future work. Higher order
time-dependent Markov model can be implemented to get a more comprehensive sequential patterns of the user. The method can be naturally extended for such models,
thereby resulting in higher prediction performance. The regularities are probably something that is relative to the individual user. For some users the behavioral differences may
not be largest between weekday and weekends. For some people it can be even and odd
weeks, or could be seasonal. Naturally using the same methodology the method can capture such regularities at different temporal scale. Furthermore, while this is not included
in the methodology, based on the evaluations criteria one can fine tune the weights of
the method in an on-line fashion to best fit the mobility patterns of the given individual
mobile user.
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